introduCtion
People have been collecting and organizing data from stone ages. In the earlier days data were collected and recorded in one way or the other mainly for record keeping purposes. With the advancement in computational technology in general and storage technology in particular data collection and their storage in large data warehouses have become an integral part of the data processing and decision-making environment of today's organizations. Over time people have learned to value data as an important asset.
Reliable data in a database or a data warehouse could be used for decision-making purposes by appropriately analyzing the data and making them more meaningful and useful. In other words data could be analyzed to find hidden patterns and foresee trends. The process is broadly being called data mining.
Data mining usually starts with a hypothesis or an assumption and ultimately creates new information or knowledge. In order to survive and succeed in the tough business world of today it is also very important to store and manage the evolving knowledge within an organization. Knowledge management is the overall activities of creating, storing, re-using and sharing the new knowledge. Knowledge management increases the ability of an organization to learn from its environment and to incorporate knowledge into the business processes by adapting to new tools and technologies, for example; data warehousing, data mining and case-based reasoning.
The chapter presents the necessary fundamentals of data warehousing (DW), data mining (DM) (methodology, tools, techniques, systems and terminology) and related technologies. One of the purposes of the chapter is to develop and gain an understanding of the principles, concepts, functions and uses of data warehousing and data mining for knowledge management in a broader sense. Data modeling in data warehousing plays a vital role in successful utilization of the data resources as an organizational asset. The data quality is also an important aspect in the process. The following topics have been addressed:
• DW methodology • DW data modeling • DW data quality issues • DM -techniques and uses • DM and Business intelligence -From findings to application • DM and CBR (Case-based Reasoning) for knowledge retention and reuse.
The work falls into the category of content management of data from database/data warehouse using data mining and other intelligent techniques like expert system, CBR, etc. The purpose is to make the extracted knowledge available to the users (both internal and external) in organizations of different structure and forms, including e-government. In e-government one of the most important benefits would be citizen empowerment through access to information/knowledge (The World Bank Group 2008) .
In the work the term business and customer has been used in a broader sense. By business and customer is meant the core activities that take place and the consumer of information respectively in an organization.
baCkground
Over the years data warehousing and data mining tools have evolved into a unique and popular business solutions to attain business understanding and decision-making. Decision makers already consider these systems to be the corner stone in their IT system portfolio. Data and the knowledge derived from the data and sharing them within an enterprise and its business partners and collaborators is a key success factor in today's complex business world, and hence flexible tools are needed to deal with the evolving complexities. Different business solutions need to be derived to cope with the ever-changing business need. Furthermore, Business problems and solutions not only affect people within an organization, but also other people outside the organization, like customers and suppliers (Chan, Witte and Chowdhury, 2004) . Data and related technology for data access, analysis and delivery are the driving factors in data warehousing. It is implemented to attain competitive advantage and is a valuable core competency (Atre, 2003a; Montalbano and Chowdhury, 2006) . Data warehousing is not a destination -it is a journey and projects as such should be treated as continuous projects where newer and newer functionalities are being added incrementally (Lawyer and Chowdhury, 2005) .
A well designed data warehouse with all needed data is helpful in answering relevant questions, for example; for better customer relationship management (CRM). The importance of relationship marketing and the use of CRM systems as a valuable tool for retaining customers have been well recognized by decision makers (Chan, Witte and Chowdhury, 2004) . In e-government the purpose of data warehousing would be to centralize all relevant data and make them accessible to the population in a timely and convenient manner. In fact, organizations have been building data warehouses centralizing organizational data since the early 1990's and still there is a lack of common agreement regarding the appropriate design and architecture for a data warehouse Inmon, 2002; . Idea behind a data warehouse is to centralize company wide information to create and deliver the necessary analytical environment (for data mining or knowledge discovery) to meet the changing needs of business. A data warehouse environment could be implemented using any of the four main existing approaches, namely (Agosta, 2005; Breslin, 2004; Fang and Tuladhar, 2006) : i. the top-down, ii. the bottom-up, iii. the hybrid and iv. the federated approach.
The top-down also known as Inmon's approach focuses on the data warehouse as the nerve center of the entire analytic environment. This is a multi-tier environment consisting of dependent data marts (smaller subject-specific warehouses) that use a dimensional model. This approach may or may not use an initial staging area depending on the amount of data involved.
The bottom-up also known as Kimball's approach focuses on delivering business value by deploying dimensional data marts as quickly as possible. In the hybrid approach both the topdown and bottom-up theories are combined. In this design, the enterprise and data mart models are developed simultaneously.
Finally, in the federated approach guidelines, procedures, and best practices of building a data warehouse are identified and outlined, and the focus is on doing whatever is necessary to deliver an analytical environment (for data mining) to meet the changing needs of the business, for example; improved customer service.
There are considerable philosophical debates, obstacles, and pros and cons as to the selection of a data warehousing methodology (Lawyer and Chowdhury, 2005) . However, the method chosen must meet business requirements, and be flexible and scalable. In other words the methodology must minimize the gaps between the business processes and the technology that are being used to run the business in the organization. In the next section, discussions will be limited to the bottomup (Ralph Kimball's) approach commonly know as dimensional data modeling for creating a data warehouse (Kimball and Ross, 2002) with some explanatory examples.
data Warehouse data Modeling
An Entity Relationship (ER) diagram is the backbone for implementing a transaction-oriented relational database application to run the day-to-day operation of the business usually known as on-line transaction processing (OLTP) system. These types of system rely on a relational database that must efficiently update highly normalized, referentially integrated tables based on an ER model. As an example of an ER model let us take the case of the hypothetical NorthWind Traders Database implemented in MS ACCESS2003 relational DBMS (Alley et. al, 2006) . NorthWind Trading Company is a business-to-business (B2B) enterprise and stocks 77 products from 29 suppliers in 8 categories of food-related products. In 8 quarters, the company has received 830 orders from 91 customers around the world through 9 employees during the last two years. The firm shipped these orders by using 3 shipping companies. The company's OLTP system employs an entity relationship (ER) model to process transactional data. Uses of this model help eliminate redundancies and contribute to data integrity, completeness, and consistency in the OLTP system (Kroenke, 2002; Gillenson, 2005) . Figure 1 presents an ER model of NorthWind Traders OLTP system. The ER model contains eight entities (tables) that are related with one another and the model also shows the type of relationship in between the entities. For example, the type of relationship in between suppliers and products is of type 1: N (many) and so on (Alley et. al, 2006; . Star or dimensional modeling is used for implementing data warehouses. In a Star model a central fact table is surrounded by a set of dimension tables (Figure 2 ). There are two main arguments in favor of Star models: i. they are easy for business people to understand and use, and ii. retrieval performance is usually effective (Todman, 2001 ). Moreover, Star Model has replaced ER diagramming as the most effective choice for data warehouse design (Jukic, 2006; Kimball and Ross, 2002; Sen and Sinha, 2005) .
Three approaches are generally in use for star modeling (Chenoweth et al, 2003 ; Chowdhury, In development by modification the existing ER model is modified and reorganized in the form of a Star model by deleting the operational information and adding more of decision making information to accommodate the decision making needs of the business.
Figure 1. An example of an ER model
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Modification or conversion of the ER diagram to a star schema is a step-by-step process and usually begins with a conversation between end users and IT professionals to discover a list of burning or critical business questions. This list consists of a set of analytical problems that decision makers feel are important success factors to the future direction of the business.
Data modeling is as much art as science; many possibilities may exist for a successful conversion to Star models. To understand and explain the processes, this research has formed a JAD (Joint Application Development) team to study the ER model of the NorthWind Traders database and formulate a set of critical questions, which are important for the success and survival of the hypothetical NorthWind enterprise. The JAD team comprised business expertise, IT expertise and also members who were familiar with DBMS ACCESS and NorthWind Trading database. The list of critical questions as perceived by the JAD team is summarized in Table 1 .
The conversion process can take a good amount of discussion in the form of JAD sessions for a correct determination of the information the system should provide. Planning is the key to successful design and could likely involve a few iterations before the converted model could be accepted. The model that emerges from this conversion forms the Star model showing relationship between entities.
The resulting Star model proposed and implemented by the team member in the project to find answers to their burning questions are presented below in Figure 2 .
During the conversion the JAD team also followed useful guidelines based on the Ten Commandments of Dimensional Data Modeling. The ten commandments summarizes as to what needs to be done for a successful and useful conversion (Chowdhury, 2006) . The team followed them This question is a very important one to ask because it will enable one to understand the overall performance of the company.
2. What are the top and bottom 5% of products sold over time and region?
This may be one of the most important questions that any business should ask. A company should keep record of the fluctuation of sales per product category per year to understand the trends of when these items are purchased and where they are purchased.
3. Who are the top 10% of the customer base over time and category?
A business should know its top customer and try to retain them by establishing good relationship with them.
4. Which employees are most productive related to sales, time, product, and region?
Here the question is to understand employee performance, which is valuable to compare the sales per employee for product, region and time. For example, a company sometimes may want to provide incentives to the top employee, which encourages the sales force to increase their performance.
5. What suppliers deliver the best-selling products?
The business also should know their top selling products and their suppliers.
into practical realization in the form of teamwork and has been described elsewhere 2007a) . The approach taken in the JAD team was based on lessons learned in research and teaching practices in the field for many years. Development by modification was found to be useful and is becoming a common acceptable (best) practice for star modeling. Success with this approach depends on factors, such as: the ER models are relatively new, well designed and normalized; the IT staff (for the new DW project) is very familiar with the source system OLTP models; the IT staff also understands the data that is already in the database; and many data warehouse reference and fact tables are already in the OLTP model in a different form.
The resulting Star model (Figure 2 ) reduces the number of tables from eight (in the ER diagram - Figure 1) The next step in the process is to populate the star model with data (from source system/s) and test it by making sql queries/data mining to validate that the model satisfy the information requirement of the enterprise by providing answers to the critical business questions. The usefulness and effectiveness of the star model Garcia, Janjua, and Galvan, 2006; . Rieger, 2006) .
dW data quality issues
Data quality is a key issue when an organization implements an enterprise wide data warehouse, for example for customer relationship management (CRM) or other purposes. Utilizing CRM requires that customer information be of high quality, in order to identify, validate and consolidate customers within an organization. Quality of the data will determine the quality of the data warehouse as well as the quality of the decisionmaking. In other words data quality is an investment in future. Data warehouses allow firms to learn more about their customers so that they can develop strategies to maximize services, profits and minimize cost. Some of the characteristics of data warehouse data are that Laudon and Laudon, 2004 ):
•
The data is subject oriented, meaning it comes from different sources including external sources, • The data is integrated, • The data is non-volatile, meaning it is not changed, •
The data is time variant, meaning it is time stamped, • The data must be of high quality, meaning the data is error-free, • The data is aggregated or summarized, •
The data is often de-normalized to make queries run quicker, and • The data is not necessarily absolutely current, meaning it does not have the most current piece of information. To get the most current piece of information, the data has to be refreshed more often.
This research has addressed and examined the aspects of ensuring data quality in a data warehouse by utilizing mainly a revised process flow model 2007b; Sperley, 1999) . The purpose was to recommend the suitability and usability of the process flow model for ensuring quality data in data warehouses. The ultimate goal was to recommend a methodology for the highest possible data quality in a data warehouse. The research came to the following findings:
• The first step in the data quality improvement program needs to discover where data quality problems exist in the source systems.
When sources for problems are identified, methods must be developed to improve data quality.
• Data quality improvement should be a continuous process. The sooner the process starts the better are the chances to have quality data. Data quality improvement program may be started prior to building a data warehouse. • It has also been observed that people, collecting and recording data must be trained and well motivated to do a good job. Business and other data should be carefully gathered and recorded as it is being done in the field of medicine.
data Mining vs. knoWledge disCovery in databases (kdd)
Data mining is a process that uses statistical, mathematical, artificial intelligence and machinelearning techniques to extract and identify useful information and subsequent knowledge from large databases (Berry and Linoff, 2004) . The main steps in the process are shown in Table 2 . Knowledge discovery in databases (KDD) is a comprehensive process of using data mining methods to find useful information and patterns in data. KDD is a multi-disciplinary field of research, which includes machine learning, statistics, database technology, expert systems (ES) and data visualization. KDD steps are shown in Table-2. If the definitions and the different steps are compared in DM and KDD, some commonalities can be seen, as well as certain differences. In KDD, data mining is being considered as one step in the processes. In other words Knowledge discovery is the whole process and in it Data Mining is the discovery stage. The KDD process involves evaluation, and possibly interpretation of patterns extracted by data mining to decide which subsets of patterns constitute knowledge. Data mining also requires significant data "preprocessing", choice of algorithms, and assumes information "post-processing". Even though there are differences between DM and KDD, often DM is used as a synonym for KDD in the literatures. In this work, that convention was followed. Over the years the differences between them are getting blurred (smaller and smaller). Alternative names used in the past are data archaeology, data dredging (badly done), functional dependency analysis and data harvesting (Desai and Chowdhury, 2003; .
In these contexts, data mining could broadly be classified into two broad categories (Turban, Aronson and Liang, 2005 ):
• Hypothesis-driven data mining: Begins with a proposition by the user, who then seeks to validate the truthfulness of the proposition. This category of data mining may use a model-driven approach.
• Discovery-driven data mining: Finds patterns, associations, and relationships among the data in order to uncover facts that were previously unknown or not even contemplated by an organization. This category uses a data driven approach.
Moreover, data mining is useful for:
Supervised induction used to analyze the historical data stored in a database and to automatically generate a model that can predict future behavior • Clustering: Partitioning a database into segments in which the members of a segment share similar qualities • Association: A category of data mining algorithm that establishes relationships about items that occur together in a given record • Sequence discovery: The identification of associations over time • Visualization: used in conjunction with data mining to gain a clearer understanding of many underlying relationships.
However, a good tool may accommodate both these approaches. With increased sophistication in data collection and storage facilities, data driven form of data mining is becoming more common. Available data mining tools offer a wide variety of algorithms. The most common are decision trees, artificial neural networks, regression analysis, genetic algorithm, Bayesian belief networks.
DM tools and technologies have evolved during the last decade and now are extensively been Figure-3 . This research has implemented a system based on the above framework and it was proven successful in mining data from a large database described elsewhere (Chowdhury, 1990; . Most data mining tools of today use a similar framework.
With the help of the system as depicted in Figure- 3 a user with his/her domain specific knowledge would be able to create an analytical model from the existing data repository. Once the user accepts the analytical model the system can help with the statistical analysis/data mining. Statistical expertise is incorporated in SES (Statistical Expert System) to provide necessary help to the users in the process of analytical design and choose an appropriate statistical technique/algorithm relevant to the data and provide help in conducting the analysis/data mining. The user may be an expert in his or her domain (for example business, medicine, economics, politics, e-governance, etc.) but may not be familiar with statistical know how to design and conduct an analysis. The system would also support the user to conduct data driven data mining, where analytical model building is not necessary.
The outcome of the statistical analysis needs to be validated before it could be incorporated into the knowledge base. For a successful validation of a data material, one need knowledge in three different contexts, namely: data context, statistical/methodological context, domain context. The data context utilizes some general knowledge of the data and application domain to transform or structure the data into a model, which could be The domain context, in addition to the above, should have more deep and specific knowledge of the application domain to be able to interpret the results appropriately and draw conclusions from the statistical analysis.
dM and business intelligenCe
Current trends in today's complex business environment include collecting and analyzing information regarding customers, products, and processes in order to increase profit and reduce expenses. Businesses are gathering and analyzing these data by implementing various systems to make up a suite of Business Intelligence System. Business intelligence (BI) is a conceptual framework for decision support. A BI architecture would include databases (or data warehouses), analytical tools, applications and methodologies. The purpose is to enhance data into information and then into knowledge to be able to address business issues and concern successfully. The steps can be summarized in the following scheme:
Data --> Information --> Understanding --> Knowledge --> Business (Process) Intelligence From the steps above, it is seen that the data needs to be analyzed, validated and interpreted to gain an understanding and increase our knowledge, which could be utilized to address relevant business situation.
BI is carried out to gain sustainable competitive advantage and is a valuable core competence in today's complex world. BI needs access to combined and centralized business data/information. Data warehousing is being used by many organizations as a way to pull all related data together in order to successfully answer relevant business questions. Idea behind a data warehouse is to centralize company wide information to create and deliver the necessary analytical environment (for data mining or knowledge discovery) to meet the changing needs of business (Atre, 2003b; Montalbano and Chowdhury, 2006) . Data warehouse data can be compared with the metaphor of the crystal river with its pure lifegiving water, which always reflects the stone over which it flows. Similarly data warehouse data would reflect the organizational activities (Desai and Chowdhury, 2003) . Business must treat user data with the same care that physicians apply to patient information (Chowdhury, 2006) .
Business intelligence system can best be defined as a broad category of applications and technologies for gathering, storing, analyzing, and providing access to data to help enterprise users make better business decisions. BI applications include the activities of decision support systems, query and reporting, online analytical processing (OLAP), statistical analysis, forecasting and data mining (Berry and Linoff, 2004; Turban, Aronson and Liang, 2005) .
data Mining and Cbr
CBR (Case-based Reasoning) has been defined as an artificial intelligence technique for learning and reasoning from experiences. It is a technology for solving new problems by adapting the known solutions of previous similar problems. In CBR the knowledge gained over time is related to specific cases to form a case-base. Cases are situation-specific knowledge, stored in a structured base (case database or case-base) together with the necessary general knowledge (Chan and Chowdhury, 2005; Laudon and Laudon, 2004; Sankar, Pal, and Shiu 2004) .
A new problem is solved by trying to describe what the problem is. This description is then used to retrieve old cases from the case database. The retrieved case is compared with the new case to reuse the previously gained knowledge. This process creates a suggested solution to the problem, which is compared with the real world example and tested. During this revision, useful experience from the test is added and forms a new tested solution. This tested solution gives a confirmed solution, which is then retained in the case database as a new case (Laudon and Laudon 2006) . The problem solving steps have been schematically represented in Figure-4 .
Case-bases
Usually a database contains one type of information, i.e., the facts or problem descriptions. In a case-base each case contains at least two types of information: i. facts, describing a problem situation and also ii. a solution, or a methodology to derive a solution. In other words the problem description together with the solution makes a case -a complete story (Chowdhury, 2001; 2007d; Sankar, Pal, and Shiu 2004) . Case-bases can be developed, maintained and updated in four steps.
i.
Building a well-organized database of cases (usually called a case-base), which contains description of earlier cases (problem descriptions and possible solutions or a methodology to derive a solution). Searching after cases from the case-base that are similar to a present case. An index mechanism supports efficient retrieval. ii. Adjusting the earlier solution to the present situation; iii. Validating the adjusted solution; and iv. Updating the case base. If the solution is valid it is saved in the case base for future use.
DM and CBR technologies can be combined together into an integrated knowledge management framework for attaining BI by performing data mining and retaining the BI by using CRR technology (Chowdhury, 2005a) . A framework for integration is presented in Figure-5 . System implemented based on the framework would help to acquire new knowledge through iterations of analysis and operations (data mining). Further the knowledge that is being discovered/captured by performing extensive analysis would be represented, retained and reused by employing CBR technology to solve future problems. In other Data mining is used to support the acquisition of knowledge from databases. DM integrated with CBR ( Figure 5 ) can be viewed as a general knowledge management and also a problemsolving tool. Knowledge Management is also the practice of treating knowledge as a corporate asset. Knowledge assets are equally important for competitive advantage and survival as physical and financial assets (Desai and Chowdhury, 2003) . Data mining and CBR can be seen as complimentary methodologies and integration of the two would help to implement powerful and reusable systems for better knowledge management as well as to address future problems (Chowdhury and Chan, 2007) . One of the key benefits of combining DM with CBR would be to enhance organization's knowledge base by generating solutions to specific problems that are too massive and complex to be analyzed by human beings in a short period of time.
future researCh direCtions
Over the years, data warehousing grew from a simple reporting database to an analytic application that provide static information to help users track trends, including profitability analysis, sales forecasting, customer segmentation, financial and other form of analyses. However, this static information does not provide end-users with the most recent information in order to perform business analyses on real-time or near real-time data. This lack of information is because of the batch mode process (extract, transform and load) that provides a snapshot of information reflecting the data at the time the last file was loaded. As a result of this time delay in information, the available data is not sufficient to respond to current business situations (Galvan, 2006) . 
Figure 5. An integrated framework for knowledge management
To take DW, DM and KM to the next level, it will be necessary for a business to alter their strategy to include at least near real-time (NRT) update of the data in a data warehouse. Access to more current information from the source system would empower end-users. It would allow them to increase the speed and accuracy of analytic and strategic business decisions based on information across departments, enterprises and external systems. As a result, users would be able to generate timely and relevant reports across all data facets of an organization (Agosta, 2005; Galvan , 2006) . Future directions of research would be to study how best the real-time or the near-real time update could be accommodated in the proposed framework.
disCussion
One of the main focuses of the chapter has been the presentation of an integrated framework for data mining with other related technologies. In the framework DM has been seen as a link between DW and CBR. Further DM is not an end in itself. The knowledge gained and business intelligence attained by using DW and DM could be retained and reused by using CBR technology. It is the technology based on AI for solving new problems by adapting the known solutions of previous similar problems.
Data mining and CBR can be seen as complimentary methodologies for knowledge management in a broader sense. DM tools can help us extensively to learn and gain knowledge from the data sets. Still the reusability of the knowledge that is being extracted/gained is not very common. One way to improve the reusability is to use this knowledge base as front-ends to CBR applications.
In other words DM tools and technologies need to be integrated with CBR tools and technologies to reuse the knowledge in addressing identical future problems. CBR is an artificial intelligence technology that uses previous knowledge from solved problems in order to give suggestions to the solution of new problems. In CBR, descriptions of previous expert experiences are represented as cases in a knowledge base, new problems are solved by adapting to solutions of similar cases in the past .
Therefore, data mining is considered to be one of the ten most important technologies, in terms of the potential impact on wide-range of scientific, economic, socio-political and diverse other applications. Data mining focuses on the process of discovering knowledge while CBR focuses on the management and application of knowledge through representation, retrieval, reuse, revision and retention of case knowledge. However, knowledge management has not been central to data mining research so far. Data mining combined with CBR could be viewed as a general knowledge management and problemsolving tool. The resulting benefits could be better management of resources, greater efficiency and growth (Chan and Chowdhury, 2005) . 
